INTRODUCTION
This paper investigates the amino-acid usage in Escherichia coli proteins, to describe general trends and their biological implications. The method used, correspondence analysis, has also been used to analyze codon usage by Grantham and colleagues (1-3, review in 4). The first factor underlying variations in codon usage is the genome of origin. In addition, there is a considerable within-species codon usage variability. Among E.coli genes this diversity is linked to gene expressivity: genes with a potentially high expression level are biased towards the subset of codons that are best recognised by the most abundant tRNA species (5) . In contrast with codon usage, the interspecific variability in amino-acid usage is low (3) . The present study focuses on aminoacid usage of proteins from a single species, E.coli, because a large body of sequence data is available for this species.
MATERIALS AND METHODS

Data set
The data set was 999 protein sequences encoded by genes on the E.coli chromosome, corresponding to a total of 385,404 amino-acids. As this is about 25% of the estimated total number of chromosome-encoded proteins, the sample is large enough to be representative. The nonoverlapping ECOSEQ6 collection (6) was structured (7) using the entity-relationship model of ACNUC (8 -10) . The retrieval system, Query, associated with ACNUC, allows elaborate sequence managements. The ECOSEQ6 collection contains the sequences of a single allele per locus, so that there is no overweighting due to sequence redundancy or DNA polymorphism. This is not a negligible problem since, for instance, there are 16 complete sequences of the gnd locus of E.coli in GenBank (11) release 78. The disadvantage is that the allele sequences in Rudd's collection are from different strains, leaving open the possibility of intraspecific variations affecting results. There are not yet enough data to answer this question, but there seems to be very little polymorphism at the amino-acid level, about 1 % for the average number of amino-acid differences per site between two alleles (12) .
Plasmid-encoded proteins are not included in Rudd's collection. This minimizes the horizontal gene transfer effect, which is more likely for plasmid-encoded protein. The amino-acid usage of proteins encoded by genes recently incorporated in the E.coli genome may differ from native E.coli proteins.
Partial sequences (7%) were discarded because the amino-acid composition of a fragment could be atypical of the whole protein composition. Poorly documented open reading frames (12%) were discarded to help analysis of results. The Rudd nomenclature, by which most unidentified ORFs are given a name starting with 'y', ensure their easy removal. Information on the remaining sequences is, however, highly variable. Proteins with fewer than 100 amino-acids (5%) were excluded to minimize influence of stochastic variations in the amino-acid compositions of small peptides. The threshold value of 100 amino-acids is roughly the minimum size for a protein to have an enzymatic function (13) .
The N-terminal methionine was not removed. This is an arbitrary choice because the rules that govern the removal of Nformylmethionine are not completely understood (14) . This choice did not noticeablely alter the results, there were negligible variations only for small proteins with a low methionine frequency. The special case of selenocystein was not handled T o whom correspondence should be addressed because it is too rare; there are only three known selenopolypeptides in E.coli (15) . Lastly, post-translational modifications were not taken into account.
Multivariate analysis
The x 2 metric was used as a measure of the distance between the amino-acid composition of two proteins. Correspondence analysis can then extract orthogonal linear combinations of aminoacid frequencies that best summarize the data. These trends are optimal because they take into account most of the initial variability (16, 17) . The squared distance between two sequences x and y is defined as:
where n xi and n yi are the number of amino-acids of kind i in sequence x and y, n x and n y-are the total number of amino-acids in sequences x and y, n A the total number of amino-acids of kind i in the dataset and n. . the total number of amino-acids in the dataset. The advantage of the \ 2 metric over the usual Euclidian distance used in principal component analysis of compositional data (18) , is that information on rare amino-acids are not masked by frequent amino acids because of the l/n #i weighting.
The correspondence analysis was computed with the program MacMul (19, 20) on a Macintosh plus. The results were checked by running a different program (21) on a different computer (Sun SPARCStation 10) to ensure that there were no computational errors. Analysis of results was facilitated by the interactive DIGIT software (22) . The absence of bias due to the low frequencies of rare amino-acids was checked by removing them and repeating the analysis.
Identification of protein characters
Three scores were computed for each protein to help interpret the results. The GRAVY score (23) is an estimate of the overall hydrophobicity of the protein, the highest scores indicating a hydrophobic character. The GRAVY score is a linear combination of amino-acid relative frequencies:
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GRAVY =
where fj is the relative frequency of amino-acid of kind i in the protein and otj the hydropathy index of this amino-acid (23) .
The codon adaptation index (CAI) is an empirical measure of synonymous codon usage bias (24) , which is positively correlated with the expressivity level of genes. where fj is the relative frequency of codon of kind i in the coding sequence, and Wj the ratio of the frequency of codon of kind i to the frequency of the major codon for the same aminoacid, as estimated from examining 25 highly expressed genes (24) . Here, CAI has the advantage over other indices, such as the Mean Number of tRNA Discrimination per elongation cycle (5), of being almost independent of amino-acid frequencies. 
RESULTS
Glbal amino-acid composition
The mean amino-acid composition of the proteins in the dataset (Table 1 ) was found to be very similar (r = 0.95) to that reported previously (25) . The results are also consistent (r = 0.89) with the experimentally determined composition of the total proteins IMP is the group of 114 integral membrane proteins given in table 3. Column N contains the results previously reported (25) and column C is the experimentally determined total protein composition (26) . Since determination of protein composition requires the hydrolysis of all amide bonds, the relative amounts of Asp:Asn and Glu:Gln cannot be estimated, and their values are usually assumed to be 1:1. Here, the ratios were found to be about 3:2, showing that the acidic form was more abundant. of E.coli (26) , although these results are not directly comparable, because of inequal protein concentrations in vivo.
On the basis of their average frequencies, amino-acids can be classified as very rare (Trp, Cys), rare (Tyr, Met, His), frequent (Gly, Val), very frequent (Leu, Ala) and intermediary for the remainder. In general, aliphatic amino-acids occur frequently, while aromatic or sulfur containing amino-acids are rare.
The relative frequencies of amino-acids within protein have unimodal, nearly symetric distributions, except for rare aminoacids (Trp and Cys), because they are quite often absent from a protein (about 10% of proteins lacked Trp or Cys in our data set).
Selection of factors
The relative importance of factors, as juged by the difference with their following factor, was found to vanish with factor 4 The computation of Fl score for MalM (accession number = X04477) is explained. AF is the absolute frequency of amino acids in MalM, including initial methionine, and RF the relative frequency. The score of MalM on the first factor (-0.069) is found by summing the products of Fl by RF.
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( Figure 1 ). The three first factors, which accounted for 40% of the total variability of amino-acid composition of E.coli proteins, were then further analysed. These factors are defined in Table 2 . Figure 2 . Distribution of scores for correspondence analysis factor 1. The minor peak (11% of total) contains integral membrane proteins.
These integral membrane proteins are involved in transport, anchoring of dehydrogenises, and synthesis of lipid bilayer components.
Factor 1 (Fl)
The first, and thus most important, factor of the correspondence analysis accounted for 17% of the total variability of amino-acid composition of E.coli proteins. The protein Fl scores had a bimodal distribution (Figure 2 ), indicating that the amino-acid frequencies in the dataset were heterogeneous. The minor peak (11%) contained only integral membrane proteins (Table 3) . Factor 1 was highly correlated (r = 0.90, p < 10~4) with the GRAVY score ( figure 3 ). Direct comparison of the GRAVY score and the Fl score coefficients (figure 4) showed a major difference only for Trp. Another difference is that the GRAVY scale assigns the same value to Glu, Gin, Asp and Asn. The coefficients for Glu, Gin, Asp were found to be quite similar in the Fl score, but the coefficient for Asn was different. with the correspondence analysis factor 1. Each point represents a protein, the bottom right group is the integral membrane protein group. unimodal, nearly symmetrical distribution. The F2 scores were correlated (r = 0.55, p < 10~4) with the CAI scores ( Figure  5 ). The general trend was that proteins with a high CAI value had low F2 scores. This result is highly surprising as CAI score is almost independent of amino-acid composition of the protein: CAI measures the codon usage bias cumulated for each amino acid. Hence, amino acid composition correlates with the choice of codon among synonymous sets.
Factor 2 (F2)
A comparison of amino-acid F2 coefficients and major tRNAs concentrations ( Figure 6 ) showed three notable exceptions. Lys was more enriched than expected from the relative frequency of its major tRNA, Leu and Arg were avoided despite the relative abundance of their major tRNA.
Factor 3 (F3)
The third factor accounted for 10% of the variability in aminoacid compositions. Protein scores on this second factor had a unimodal, nearly symmetrical distribution. The F3 scores were correlated (r = 0.70, p < 10~4) with the aromaticity scores ( Figure 7 ). The general trend was that proteins enriched in aromatic amino-acids had high F3 scores.
DISCUSSION
The pattern of amino-acid usage was very different from the pattern of codon usage. Analysis of the codons in the coding sequences of E.coli emphasises the contrast between lowly and highly expressed genes, with the optimal codons in highly expressed genes. But, as the table of amino-acid frequencies is obtained directly from the table of codon frequencies by summing columns, it seems surprising that the factors reported here have not been described before. One reason is that the column summing which transforms the codon frequency table into the amino-acid frequency table is very special in that frequent codons are summed with rare codons. As the contrast between rare and frequent codons is very important, the amino-acid tendencies are hidden in the least important factors of the codon multivariate analysis.
Integral membrane proteins are known to be enriched in hydrophobic amino-acids. Our correspondence analysis confirmed this and showed that this is the most important factor underlying variations in the global amino-acid composition of E.coli proteins.
As factor 1 clearly discriminates integral membrane proteins from the others, computing its value for a new open reading frame could indicate if it codes for an integral membrane protein (a complete example of the computation is given in Table 2 ). For instance, the protein CutE involved in copper transport in E.coli has an Fl score of -0.22. This suggests that it is an integral membrane protein, and not an intracellular protein (27) . This prediction of an integral membrane protein is expected to occur for 1/10* of the E.coli coding sequences. Peripheral membrane proteins cannot be identified on the basis of their average aminoacid frequencies because the contribution of membrane-spanning segments to the overall amino-acid composition of the protein is not always sufficient (28) .
Factor 2 showed that there was a bias in amino-acid usage for highly expressed genes. There is experimental evidence mat the total amount of tRNA for a particular amino-acid parallels the total usage of that amino-acid in proteins for E.coli and Mycoplasma capricolum (29) . Our results also show that proteins encoded by highly expressed genes tend to use amino-acids whose major tRNA are abundant. This bias is not negligible, since it is the second factor accounting for variability of the amino-acid variability of E.coli proteins. This bias was previously observed in studies on much smaller samples of E.coli proteins (30-32). The codon usage of the corresponding genes is good, so that their expressivity level is expected to be high. For instance, the genes for ribosomal proteins, major outer membrane proteins or basic metabolism such as glycolysis belong to this class. Note that genes that are only turned on under special environmental conditions but are abundantly expressed under those circumstances are also present in this class (e.g. AckA and AdhE in anaerobiosis, SubH and RpoH after heat shock, NarH in presence of nitrate).
The concentrations of the major tRNA for Lys, Leu and Arg did not follow the general trend. The concentration of the major tRNA for Lys was less than expected and the concentrations of the major tRNAs for Arg and Leu were higher than expected. The concentrations of the major tRNA for Leu and Arg may appear high because their intracellular concentrations do not correspond to their effective availability to the ribosome. For instance, two minor leucyl-tRNAs species are the ones most The codon usage of the corresponding genes is poor, so that their expressivity level is expected to be low. For instance, many regulatory genes belong to this class.
bound to ribosomes during exponential growth in minimal medium (33) . The difference between the effective and measured tRNA concentration could be attributed to the participation of the major leucyl-tRNA species in a reaction other than translation, such as the addition of leucine directly to the amino termini of certain ribosomal proteins (34) . This would explain why the effective concentrations of the major tRNA for Leu and Arg could be overestimated from their intracellular concentrations, but does not explain the case of the major tRNA for Lys. However, The comparison of tRNA concentrations from differents authors (35, 36) introduces a note of caution with respect to the interpretation of quantities of tRNA in cells.
To validate the interpretation of factor 2, the first and last 10% of the CAI distribution were extracted (Table 4 and 5), and the mean major tRNA frequencies for the proteins were computed in these two extreme classes. The distributions for the two classes were different (figure 8) , showing that proteins with high CAI values are enriched in amino-acids carried by the most abundant major tRNA.
Further discussion about the bias in the amino-acid composition of proteins encoded by highly expressed genes should be taken with care because they are based on a logical construction and cannot be directly challenged by experiment. At first glance it seems that it is simpler for tRNAs to adapt their concentration to the amino-acid content of proteins than the reverse because the mutation expense is lower; changing the tRNA concentrations requires fewer mutation events, such as gene duplication or altered promoter efficiency, than does altering coding sequences, where many sites must be modified. But this cannot explain why the amino-acid compositions of the product of highly expressed genes should be different. This requires that the amino-acid composition of highly expressed genes is particular for some other reason. The simplest explanation is a straightforward adaptation of what is visible at the codon level: highly expressed genes reduce the diversity of codon choices to increase translation efficiency (4) . By analogy, proteins encoded by highly expressed genes use a reduced diversity of amino-acid choices to increase translation efficiency.
The fact that proteins encoded by highly expressed genes have a bias of amino-acid usage is an interesting example of the interdependence between translational constraints and overall properties of the protein. The translational constraints seem to be greater than expected since, in addition to selecting the codon corresponding to the most frequent isoacceptor tRNA, they are sufficient to modify the global amino-acid composition. The translational constraints which were known to affect the 'genotype' of proteins, are sufficient to affect their 'phenotype'.
Factor 3 showed that aromatic amino-acids represent a group of amino-acids which frequency is highly variable among proteins. An interpretation is that the biosynthesis of these aminoacids is expensive for the cell, so that there is a selective pressure to reduce the aromaticity of proteins. The fact that these aminoacids are rare (Table 1) is consistent with this hypothesis. However, these amino-acids do not completly disappear, so that there should be an inverse tendency to maintain them in proteins. This inverse tendency could be attributed either to a simple mutationnal drift or more likely to a selective advantage due to a contribution to the stabilization of the three-dimensional structure of the protein.
